This paper studies the impacts of state level residential building codes on per capita residential electricity consumption. We construct a timeline of when individual states first implemented residential building codes. Using panel data for 48 US states from 1970-2006, we exploit the temporal and spatial variation of building code implementation and issuance of building permits to identify the effect of the regulation on residential electricity consumption. Controlling for the effect of prices, income, and weather, we show that states that adopted building codes followed by a significant amount of new construction have experienced detectable decreases in per capita residential electricity consumption -ranging from 3-5% in the year 2006. Allowing for heterogeneity in enforcement and code stringency results in larger estimated effects.
1. Introduction U.S. residential electricity consumption, which accounted for 37% of total electricity consumption in 2006, has increased by 570% or on average by 4.2% annually from 1960 to 2007. In 2007, the sector contributed about 21 percent of U.S. CO 2 emissions from fossil fuel combustion, more than two-thirds of which are due to electricity consumption (EIA, 2008) .
In order to meet ever increasing demand, utilities have added generating capacity, while at the same time implementing measures to slow the growth of energy demand. One set of such measures is in the form of energy efficiency policies which are thought to reduce the demand for electricity and carbon emissions. These policies can be categorized into four main types: energy efficiency standards (e.g. building energy codes and appliance standards), financial incentives for energy efficient investment (e.g. rebate programs), information and voluntary programs (e.g. advanced metering), and management of government energy use. The major policies that directly affect residential electricity consumption are appliance standards and building energy codes. Appliance standards require manufacturers to meet minimum energy efficient standards to sell their product in the geographic area of adoption (e.g. state). Building energy codes require newly constructed buildings as well as modified existing buildings to meet certain engineering specifications relevant to energy consumption.
In the residential sector, demand for electricity is derived from the use of electrical appliances which provide energy services such as refrigeration, heating and cooling. According to a 2001 household energy consumption survey, appliances (e.g. air conditioners, refrigerators, space and water heating systems and lights) are the largest users of electricity in the average U.S. household, consuming approximately two-thirds of all the residential electricity (EIA, 2001). As such, the energy efficiency of these appliances, defined as the units of energy per unit of service provided, is a major factor determining household and aggregate electricity consumption.
Residential building energy codes provide minimum building requirements for heating and cooling systems and for the housing envelope that lead to energy savings. For example, with careful building envelope design, good insulation and window glazing selection, builders can significantly downsize or even eliminate heating and cooling equipment or reduce the frequency and/or intensity 1 of its use. More energy efficient buildings and appliances are designed to offset some of the otherwise predicted demand for energy.
The effectiveness of these codes and standards has been widely studied across disciplines.
The vast majority of studies on energy savings due to these codes and standards are ex ante studies conducted by engineers. These studies have the advantage of being able to simulate changes in derived demand from specific policy induced scenarios of technological change at the building or appliance level. In order to simulate future consumption patterns one has to make detailed assumptions about the adoption of each technology and its usage, which are two factors not well understood empirically.
A few recent studies attempt to overcome these issues by decomposing aggregate demand for a given state (e.g. Sudarshan and Sweeney, 2008) or across states (e.g. Horowitz, 2008) into price, income, climate and policy effects. Both studies show significant effects of state level policies on electricity consumption.
Our current study makes three specific contributions to this literature. First, instead of focusing on broadly defined energy efficiency policies, we quantify the effect of a specific and widely applied policy tool -residential building codes -on per capita residential electricity consumption.
Second, we econometrically identify the effect of building codes on residential electricity consumption by exploiting temporal and spatial variation in the introduction of state level building codes and new construction instead of adopting a bottom-up modeling approach. The econometric approach has the advantage that it uses observed consumption data ex post, which embeds the behavioral response of the consumer. Finally, we control for the endogeneity of price and our policy variable by using an instrumental variables estimation strategy. Our findings should be of broader interest, since national residential and commercial building codes are the core energy efficiency policies in Waxman-Markey Finally, it is well-known among experts that compliance with existing building codes is problematic; as a recent study noted "Despite the lack of definitive national-level studies regarding building energy code compliance, and existing state studies which are difficult to compare and contrast, the available data signals a significant and widespread lack of compliance" (Building Codes Assistance Project 2008).
These considerations indicate the value of an alternative, statistical approach to retrospective estimation of savings resulting from building codes. In this paper, by incorporating the adoption of these regulations at the state level in different starting years, we attempt to identify their impact on aggregate demand. Further, adding these regulations into the estimation will potentially improve the efficiency of the demand estimation. 4 
Data

Electricity Data
For each state and year we observe annual total electricity consumption for the residential sector period. There is a noticeable slowdown in the growth rate in the early 1970s. If we split the states by political preferences, using the most recent presidential election as a guide, we can examine the differential trends in "blue" versus "red" states. Both series display a break in the trend in the early 1970s, yet the leveling off is much stronger in the blue states. If we look at California separately, the picture displays the often cited zero growth in per capita electricity consumption since 1974, which is often called the "Rosenfeld Curve". In addition to quantity consumed, we observe the average price of electricity for the residential sector as well as the average price of the main substitute source of energy in the sector, natural gas from 1970 on. The fact that we only observe the average price, instead of the marginal price, results in the price variable being endogenous in the empirical model. Table ( 1) displays the summary statistics. The first four columns of numbers show within state and overall variation in each of the variables. Per capita electricity consumption displays a significant degree of within state as well as overall variation. The last four columns of table (1) display the summary statistics for states which adopted a building code at any point in the sample versus states that never did. The control states have a slightly higher average consumption and lower electricity and natural gas prices. This difference in prices alone makes it necessary to control for these confounders in order to obtain a consistent estimate of the effect of building codes on per capita electricity consumption. 5 
Building Code Data
We obtained data on the adoption and implementation of building codes at the state level from the building codes assistance program (BCAP, 2009). BCAP is a joint initiative of the Alliance to Save Energy (ASE), the American Council for an Energy-Efficient Economy (ACEEE), and the Natural Resources Defense Council (NRDC). It is partially funded by the US Department of Energy (DOE) and the Energy Foundation. BCAP assists state and local regulatory and legislative bodies with custom-tailored assistance on building energy code adoption and implementation. BCAP has a database, which contains detailed information on the current status of state level commercial and residential building codes as well as their history. We use the history section of the building codes database to construct a date of first implementation of building codes at the state level. In order to confirm the accuracy of these dates, we cross checked with state agency web sites to confirm that the dates are indeed implementation dates and not adoption dates. Figure ( 2) displays the building code dates for each state.
One could be tempted to use the binary indicator of whether state had a building code or not in a given year as the policy variable. This measure, however, would have several drawbacks. First, it ignores the heterogeneity in intensity of treatment across states. Since only new buildings and additions to existing buildings are subject to building code restrictions, states with higher growth rates new construction are likely to see bigger savings form these policies. Second, building codes vary across states in their stringency and enforcement. Using an undifferentiated binary measure allows one to estimate an average treatment effect of the average policy, but glosses over potentially important sub-national policy variation. Finally, while we know the year of implementation there may be some error as to when the codes actually started being enforced on the ground. This measurement error leads to attenuation bias towards zero of our estimated coefficients.
The "binary" strategy to estimate the effect of building codes on electricity consumption is to simply do a comparison in means before and after in treated versus control states controlling for other confounders. This difference in difference strategy is a valid identification strategy if one has random assignment in treatment. Since building codes apply to new construction and remodeled existing construction only, this strategy glosses over the fact that states with a higher rate of new construction are likely to see a bigger effect of building codes. We have therefore partially hand coded new building permits at the state level from a set of Census Bureau sources (US Census, 2009), to arrive at a measure of new construction before and after the implementation of a building code in a given state. While building permits are not a perfect measure of new construction, they likely are a good proxy and are comparable across states. The empirical measure we use to identify the effect of building codes on per capita residential electricity consumption is the share of the stock of new construction since 1970 which was conducted while a building code was in place. Figure ( 3) displays our policy measure for six selected states and displays significant variation across these states.
ACEEE (2008) and Horowitz (2007) correctly point out that building codes vary in both their stringency and degree of enforcement across states. In order to explore the potential impact of heterogeneity in building code intensity (e.g. stringency and enforcement), we have collected ACEEE's indicator of building code stringency and enforcement. ACEEE (2008) reports a score for compliance for residential and commercial building codes ranging from one to five and an enforcement score, which ranges from zero to three. We exclude the commercial score in order to arrive at an overall score which we scale to range from zero to one for states with residential building codes. Our measure of intensity for a given state and year is defined as the product of this intensity indicator multiplied by a dummy whether the state had a building code during a given year or not.
Other Data
The remaining major confounders of residential electricity consumption found in the empirical literature are income and weather. We have obtained per capita personal income for each state back to 1970 and converted it into constant year 2000 US$ using the national CPI. This measure of income is a standard measure used in state panel data studies, since gross state product is not available as a consistent series back to 1970 due to the switch from the SIC to NICS product accounting system.
Finally we have obtained annual measures of weather relevant to heating and cooling demand in the form of heating and cooling degree days at the state level. Degree days are quantitative indices 7 designed to reflect the demand for energy needed to heat a home or business and are non-linear in temperature (NOAA, 2009). They report population weighted degree days using decadal census information to re-weight degree days. A smoother measure of degree days would entail calculating the weights on an annual basis, but unfortunately such a measure is currently not available. Another potential problem is that the base temperature, which is currently set at 65deg F for CDD and HDD should be different for different areas, yet this is likely a minor issue
Empirical Model
In order to estimate the effect of building codes on per residential electricity consumption, we estimate the following equation:
where is q it is state i's per capita residential electricity consumption (million BTUs per person) in year t. p e it is the real average price of electricity to residential customers ($ per million BTUs), p ng it is the real average price of natural gas to residential customers ($ per million BTUs). y it is real per capita income (thousands dollars), CDD it and HDD it are cooling and heating degree days respectively.
Share it is the share of total new construction since 1970 which was permitted while a building code was active in state i. Z it is a vector of random or deterministic variables which vary across states or time or both. We will estimate equation (1) One issue that has been widely pointed out in electricity demand estimation is price endogeneity due to the increasing block price structure in place in most states (e.g. Hanemann 1984 ). The average price will be affected by the quantity consumed, which leads to an upward-bias (in absolute value) in the estimate of the demand response. To deal with this simultaneity problem, a common procedure is to use estimated marginal price data instead (Berndt, 1996) , which unfortunately are not However, Baltagi and Griffin (1997) explored a much larger number of estimators, including an instrumental variables estimator, and compared the plausibility and forecasting performance of these estimators using dynamic demand for gasoline in 18 OECD countries. They found that the homogeneous pooled estimators yielded much more plausible estimates and gave a better out-ofsample forecast. More recently, using the same data employed in this paper, albeit for a shorter time period, Baltagi et al. (2002) showed that the pooled estimators significantly outperformed the heterogeneous coefficient models for both U.S. demand for electricity and natural gas. Following Baltagi et al. (2002) , we will assume homogeneity of the slope coefficients. The goal of the paper is to identify the effect of building codes adopted by states on residential per capita electricity consumption.
We will control for time invariant heterogeneity across states by including fixed effects in our preferred estimation.
The most restrictive set of assumptions are that ε it ∼ iid(0, σ 2 ), all independent variables are independent of this disturbance term and that there are no time invariant differences in unobservable across states or common unobservable shocks across states in any given year. As mentioned above, if these assumptions hold, ordinary least squares is consistent. Using OLS, the regulation treatment effect would be identified if the regulation variables were exogenous and thus not correlated with the error terms (ε it ). However, each state can choose whether or not to adopt regulations and that choice could be correlated with time invariant differences in unobservable characteristics of each state, which we do not include in the model. We partially control for this problem by assuming two-way error component disturbances:
This specification allows us to capture the unobservable time invariant state specific effects (α i ) (e.g. unobservable geographic characteristics) that might be correlated with the regulation variables.
One example where omitting fixed effects would result in bias of the regulation variables is that the median voter in adopter states may be more concerned about energy and environmental issues than the median voter in non-adopter states. These green voters are likely to consume less electricity in the absence of regulation. Without controlling for state fixed effects, this green voter effect wound confound the estimated effect of the policy. By including unobservable time effects (φ t ), we can control for the time-specific shocks that commonly affect per capita consumption in all states, such as oil shocks, recessions and federal policies applicable in all states.
If regulations were randomly assigned to states at the same point in time, we could identify the average treatment effect of regulations via a simple dummy variable approach. In that case, the average treatment effect would be measured by the difference in electricity consumption of the treatment group (states that adopt) and control group conditional on other state characteristics such climate, prices etc. Here, some states choose to adopt regulations while others do not, and states also adopt regulations at different points in time. Further, intensity of treatment varies by the degree of new construction in a given state as well as the stringency of the actual building code and its enforcement. A building code in a state with no new construction, a weak building code or any building code without enforcement will be ineffective. To address the first concern, we use the interaction of a dummy of building code treatment with the share of the total building stock constructed since 1970 (the first year of our sample) as our variable of treatment. This variable in theory can range from zero to one.
Since this variable is potentially endogenous, we use an instrumental variables technique to obtain consistent estimates of the effects of building codes on per capita residential electricity consumption. Since harsh winters in the early 1970s were the trigger for the first building codes, we instrument with twice lagged cooling degree days as well as lagged heating degree days. We also use the predetermined lagged share variables as instruments.
In order to explore the potential impact of heterogeneity in building code intensity across states, we estimate the following model: (2) where Intensity it is the building code intensity measure based on ACEEE (2008), which ranges from zero to one for each state-year with an active building code and is zero for all state/years without building codes. β 7 therefore measures the effect of a more intense building code. We would expect states with more stringent and well enforced building codes to have lower per capita residential electricity consumption.
Using a panel data set which includes states from both treated an control groups as well as both time periods (before and after treatment) and econometric techniques which control for factors leading to time differences in adoption and intensity of treatment, we hope to address the counterfactual question of how per capita electricity consumption would have changed if an adopting state did not adopt regulations. (2) show the results from estimating variants of equation (1) . The first model is the pooled specification without building codes or fixed effects. The estimated coefficients should be interpreted as reflecting the short run response of electricity consumption in prices, climate and income. Since the estimated specification is a log-linear functional form the coefficients should be interpreted as the approximate percent change in residential per capita electricity consumption due to a one unit change in the covariate. In order to get an elasticity one multiplies the coefficient by a value of interest of the covariate (e.g. its sample mean). For the pooled model in column (1), the own price elasticity at the sample mean is -0.22, the cross price elasticity with natural gas is 0.35, the income elasticity is -0.11 and the elasticities for cooling an heating degree days are 0.17 and 0.05 respectively. All coefficients lie within the range of those found in the literature (e.g. Maddala et al.
Estimation Results
Models (1) through (8) in table
(1997)), with the exception of the negative income elasticity.
Column (2) controls for year and state fixed effects. The own price elasticity is now a smaller (-0.14), the cross price elasticity is -0.23 and the income elasticity is now a positive and significant 0.35.
The CDD and HDD elasticities changed significantly, since we switch to an identification strategy relying on within state variation. The coefficient on CDD is no longer significant and the elasticity is 0.05, while the HDD elasticity is now a significant 0.16. Column (3) addresses the issue pointed out in the previous section, that due to the fact that we observe average and not marginal prices, the price of electricity is endogenous. We therefore instrument with the predetermined lagged price of electricity and price of natural gas. The own price elasticity recovers slightly to -0.18, as we would expect a least squares coefficient being biased towards zero. The cross price elasticity becomes even smaller (0.09), which is consistent with the findings in the literature. The income elasticity is closer to other short run estimates found in the literature (0.10) as are the statistically significant coefficients on HDD and CDD.
Column (4) is the first model which includes our measure of policy -the share of newly permitted construction since 1970 under an active building code. The variable itself varies between 0, for states which either did not have a building code in a given year or did not have any construction after the implementation of the regulation, and one. The coefficient estimates on the remaining confounders are almost identical to those in model (3) . The point estimate on the share variable is -0.053, which is suggests that if all construction in a given state has been built under an active building code, per capita electricity consumption is approximately 5% lower than in a state without such a building code.
Before we discuss what the magnitude of this coefficient implies, we want to check its robustness. One reason for potentially obtaining a significant and negative coefficient estimate on our policy variable is that states which have adopted building codes and have experienced significant new construction, may have had preexisting trends in per capita electricity consumption, which have nothing to do with policy, but may give rise to this significant coefficient estimate. We include linear time trends separately for states that have and have not adopted building code regulation to control for this potential phenomenon in column (5). The coefficients are almost identical to those in column (4). Model (6) includes second degree polynomial trends for building code and non building code states separately and again, the coefficients are almost identical. Column (7) attempts to deal with the issue of endogeneity of our policy variable. Both the regulation and building construction are highly correlated with climate. Costs of construction are higher in years with sever climate outcomes (longer winters delay the construction season). Further, the first building codes were motivated by the severe winters in the early 1970s. We therefore use the first and second lag of HDD and CDD as instruments as well as the predetermined share variables.
The coefficient on the policy variable moves very slightly away from zero, which is what one would expect. The other coefficient estimates, again, are almost identical to those in the previous columns.
Finally, five states had adopted appliance standards prior to the federal appliance standards passed in 1987. If these states are also building code adopters and appliance standards are actually effective at reducing electricity use, we may confound the impact of building codes with that of state specific appliance standards. For building codes we do have a proxy for intensity of treatment, which is the amount of new construction. We do not know how many air conditioners and refrigerators satisfying the state specific appliance standards were sold in any given year. We therefore control for 13 appliance standards via a dummy for whether the standard was on or off in any given year. We also include a trend variable, which is 0 if a given state does not have an appliance standard in a given year, 1 for the first year of the appliance standard, 2 for the second year etc. Column (8) displays the estimation results from this model. Again, the coefficient estimates on the building code policy variable remains roughly unchanged. The other coefficients are also almost identical to the previous specifications. While we do not display the estimates on the appliance standard variables here, the coefficient on the dummy variable is not statistically different from zero, and the coefficient on the trend variable is very close to zero, albeit statistically different from zero.
Column (9) augments the model from column (8) by including the building code intensity measure. As expected, the coefficient estimates on the building code policy variable of interest (share it ) moves slightly towards zero and is only statistically different from zero at the 10% level. The other coefficients are also almost identical to the previous specifications. The measure of building code intensity is statistically and economically significant. A state with the most stringent implementation of their building codes, such as California or Oregon, can expect to have a 5% lower per capita electricity consumption relative to states with a zero rating. The overall effect of a building code for a given state and year can therefore be calculated by β 6 · Share it + β 7 · Intensity it .
We now turn to putting the coefficient estimates on the share variable into perspective. Figure   ( 4) displays the estimated impact of state building codes from both models (8) and (9) . The grey bars show the effect building codes on per capita electricity consumption based on model (8) . For each state we calculate β 6 · Share it and its 95% confidence interval, as indicated by the whiskers. The white bars show the effect building codes on per capita electricity consumption based on model (9) .
For each state we calculate β 6 · Share it + β 7 · Intensity it and its 95% confidence interval, as indicated by the whiskers. (8) is the average effect of building codes across states. If e.g. California, has a more stringent or better enforced building code, we would expect that savings for that specific state are higher. The identification strategy in this model, however, cannot reliably identify state level treatment effects, since it uses across state and time variation in policy introduction and building intensity to identify the average policy effect.
Model (9) attempts to overcome this shortcoming and identifies a much larger effect for states with more intensive building codes. Further, our estimate does not control for spillover benefits from first adopter states. For example, the California standards for refrigerators are argued to have had a US wide effect long before federal standards were promulgated in 1987. Our estimates therefore only capture the effects of the policy on the treated.
One interesting question is how much energy in 2006 has been saved overall from the residential building codes currently in place? In order to calculate this figure, we set the building code indicator to zero for all states and calculate overall energy consumption. If we calculate total predicted savings for each state and predict total savings from model (8) , we arrive at an estimate of 2.09% in reductions of aggregate residential electricity demand due to these programs for the year 2006 counting all states in the denominator. The model allowing for heterogeneity in building codes estimates overall savings from building codes using model (9) at 4.98%. Our interpretation is that the true number lies in between these two figures, since the estimate on the building code stringency variable is likely to be confounded with the effect of other programs. A regulator imposing a more stringent building code is also likely to impose other more aggressive conservation measures, which may be captured by our intensity measure.
Conclusion
We regard this paper as a first step in using an econometric model to identify an average treatment effect of the average building code on residential electricity consumption. We use information from time varying state specific regulation adoption to identify the effect of the regulations on consumption.
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